Identifying urban built-up area boundaries is critical to urban data statistics, size measurement, and spatial control. However, previous methods of extracting urban built-up area boundaries based on low-resolution remote-sensing data are frequently constrained by data accuracy. In this paper, a new method for extracting urban built-up area boundaries using high-resolution remote sensing images based on scale effects is proposed. Firstly, we generate a number of different levels of edge-multiplied hexagonal vector grids. Secondly, the impervious surface densities are calculated based on the hexagonal vector grids with the longest edge. Then, the hexagonal grids with higher impervious surface densities are extracted as the built-up area of the first level. Thirdly, we gradually reduce the spatial scale of the hexagonal vector grid and repeat the extraction process based on the extracted built-up area in the previous step. Eventually, we obtain the urban built-up area boundary at the smallest scale. Plausibility checks indicate that the suggested method not only guarantees the spatial continuity of the resultant urban built-up area boundary, but also highlights the prevailing orientation of urban expansion. The extracted Beijing built-up area boundary can serve as a reference in decision-making for space planning and land-use control.
Introduction
Unchecked and unmanaged urban growth has been attributed to lack of adoption of efficient and effective urban planning tools. Some countries control urban sprawl by delineating urban built-up area boundaries, which provides foundational information for urban management and meets the requirements for urban pattern and urban spatial structure research [1] . However, defining city boundaries is invariably an enthralling challenge for urban geographers and planners [2] . There is little international consistency in what is defined as urban, and many countries recognize urban as including overflow and suburbs outside municipal limits, giving rise to additional definitions, such as urbanized areas, metropolitan areas, or mega-regions [3] [4] [5] . In fact, in urban areas, particularly at the rural-urban fringe, rural landscapes are blended with urban landscapes, and there are no rigid indices for discriminating the urban area from the rural area [6] [7] [8] . In China, urban administrative areas comprise the built-up area and the rural area within its jurisdiction. However, the urban statistics in China are based on the administrative unit and cannot accurately reflect the true state of urban built-up areas in China [3, 9] . Further, such data are ineffective for comparing cities as the spatial units are spatially inconsistent [10, 11] . Identifying the urban built-up area boundaries in China according to their characteristics is of great importance to urban data statistics, size measurement, land use, spatial control, and inter-city comparison [12] . This study focuses on the delimitation of urban landscapes by the parameter built-up area. Urban built-up area is commonly identified based on two key aspects. First, the urban built-up area should have relatively continuous impervious surface of high density to distinguish it from rural surface landscapes. Second, the urban built-up area should have a relatively high population density to distinguish it from rural cultural or economic activities. For fast-growing cities, population density is very high within the continuous impervious surfaces in China. Hence, we extract urban built-up area based on the relatively continuous impervious surfaces of high density in this study.
From the perspective of the data sources, current studies related to urban built-up area delimitation have mostly been based on demographical statistics [13] [14] [15] [16] , POI (point-of-interest) data [1] , land cover classification [17] [18] [19] [20] such as the Global Urban Footprint [21, 22] , and nighttime light [23] [24] [25] . From the perspective of data processing, methods of identifying urban built-up area can be grouped into two categories. The methods of the first group involve acquiring relatively continuous urban built-up areas using spatial search algorithms. Rozenfeld et al. (2008) developed a city cluster algorithm (CCA) that searches continuously populated areas on fine-scale geographical units and assigns them to urban built-up areas [26, 27] . Chen et al. (2015) developed an urban dilation approach based on remote-sensing imagery data. In this approach, the search radius is established according to the scaling relationships between the neighboring range of pixels and the number of spatial clusters [28] . Although spatial search algorithms can easily yield the urban built-up area, defining the appropriate search conditions and search units is a challenge. Additionally, the process of extracting urban built-up area boundaries completely based on search algorithms is not transparent. It is also impossible to see how the boundaries are formed in the process of extraction. The methods of the second group involve extracting urban built-up area boundaries via threshold indicators. Some scholars have proposed some indices based on the spectral information or textural features of remote-sensing imagery, and then extracting the urban built-up area with the threshold value of those indices. For example, Zha et al. (2003) proposed a normalized difference built-up index (NDBI) to automate the process of mapping built-up areas [29] . Pesaresi et al. (2008) constructed a texture-derived built-up presence index (PanTex) based on fuzzy rule-based composition of anisotropic textural co-occurrence measures derived from the satellite data by the gray-level co-occurrence matrix (GLCM) [30] . Apart from indices related to remote-sensing data, the fractal dimension index based on fractal geometry has also been used to identify urban built-up area. Tannier et al. (2011) detected any multiscale spatial discontinuity of urban building blocks using the Minkowski dilation threshold based on fractal geography and extracted the morphological multiscale boundary of an urban agglomeration using the dilation threshold [2] . At present, big data obtained from web maps has also been used to extract urban built-up area based on threshold methods. Xu et al. (2016) generated a density contour through kernel density spatial interpolation using POI data to obtain the mutation point of the density contour-encircled area as a function of kernel density. They used this mutation point as the threshold for delimiting urban area boundaries [1] . In addition, some researchers have used multi-source geodata or composite indices to identify urban built-up areas. Jamal Abed et al. (2003) established a composite index compounding urban building concentration intensity, land-use abundance, economic activity intensity, and urbanization intensity together with remote-sensing imagery and GIS data, and identified the fuzzy urban built-up area boundaries based on the threshold of this composite index [19] . Georg et al. (2018) delimited the Boswash urban corridor using multi-source geodata (built-up extent, infrastructure and socioeconomic data) and set individual thresholds for each input layers based on the connectivity of the Boswash area [21] . The disadvantage of using threshold indictor to obtain urban built-up area boundaries arises from the fact that the threshold relies on the empirical knowledge of the researcher and the method cannot guarantee the continuity of the resultant urban built-up area boundary.
Spatial scale is a fundamental problem in geography [31] . Measurements with different scales of spatial units can produce significantly different results that vary from one another [32] [33] [34] [35] .
Geographically, rural settlements are present as small clusters scattered across the rural green space landscapes, while urban built-up area is present as large, relatively continuous impervious surface clusters. At the urban-rural junctions, urban expansion and rural development have resulted in relative continuity between the rural settlements and urban impervious surfaces. When measured with large-scale geographical units at urban-rural junctions, the impervious surface density of every measurement unit is relatively low, but the measurement units with similar impervious surface densities gather together. This means that the spatial continuity of measurement units with similar impervious surface densities is relatively high. When measured with smaller-scale geographical units at urban-rural junctions, the impervious surface densities are of great difference among the measurement units and the spatial continuity of measurement units with similar impervious surface densities is relatively low. Hence, the decision as to whether the measurement units at urban-rural junctions can be assigned to the urban built-up area is affected by the spatial scale of the measurement unit.
This research proposes a novel idea for identifying urban built-up area boundary. We extract the continuous impervious surfaces of high density with different scales of hexagonal vector grids. The new method makes full use of the spatial scale effect. We apply the new method to extract the Beijing built-up area boundary using land cover classification data interpreted by GF-2 remote-sensing imagery. Compared with the results of two previous studies in the same study area, the extracted Beijing built-up area contains the continuous high-density imperious surfaces and the boundary of Beijing built-up area highlights the prevailing orientation of the urban expansion. By overlapping the boundary with the nighttime light images of Beijing within the 6th Ring Road, we discover that the extracted urban built-up area covered the high-value continuous grids of nighttime light. It verifies the reasonability of the extracted Beijing built-up area boundary. The result can serve as a reference in the space planning and land-use control of Beijing.
Materials and Methods

Study Area and Data
Our study area is the region of Beijing within the 6th Ring Road. Figure 1 shows the true-color GF-2 remote-sensing images of Beijing in 2015 at a spatial resolution of 0.8 m. The original GF-2 image data is derived from the China Centre for Resources Satellite Data and Application. The remote sensing data contains four multi-spectral bands (red, green, blue, and near-infrared) and a panchromatic band. The spatial resolution of the multi-spectral band is 3.2 m and the spatial resolution of the panchromatic band is 0.8 m. The Gram-Schmidt algorithm was used to generate higher spatial resolution multispectral images by fusion of lower-resolution multispectral images and higher-resolution panchromatic images [36] . 
Data Pre-Processing and Analysis
The support vector machine (SVM) algorithm was used to interpret the land cover of the study area based on GF-2 remote-sensing data [37] . First, we segmented the GF-2 remote-sensing image into image objects based on upon several adjustable criteria of homogeneity or heterogeneity in color and shape. Second, we acquired the good SVM model by training sample data and applied the model to classify the whole remote-sensing image in the study area. Finally, we manually modified the misclassification patches so as to improve the classification accuracy. We grouped the land cover into five classes: buildings, roads, green spaces, water bodies, and shadows. Buildings refer to building masses in residential areas, industrial areas, commercial areas, and public utilities. Roads refer to the main trunk roads that are identifiable in remote-sensing images. Green spaces refer to vegetation covers, including grasslands, and woodlands. Water bodies include waterways, ponds, reservoirs, and lakes. Shadows refer to the shadows of buildings with substantial elevations. One thousand random sample points were used to evaluate the land cover classification accuracy based on the confusion matrix [38] . The assessment results are shown in Table 1 . Overall accuracy is over 90%, and the kappa coefficient is 87.83%. This high accuracy is able to satisfy the practical requirements of the study. A land cover classification map of the study area is shown in Figure 3 . The total area of Beijing within the 6th Ring Road is 2268.72 km 2 . The areas of buildings, roads, water bodies, shadows, and green spaces are 665.26, 261.13, 45.71, 90.57, and 1206.05 km 2 , respectively. Green spaces have the largest contribution, making up more than half of the total area of Beijing. Water bodies make the smallest contribution at 2%. Green spaces and water bodies constitute medians that separate the main urban area of Beijing from the surrounding rural areas (Figure 4 ). Parks and green spaces near the 5th Ring Road form the first green median of Beijing. The northwest-trending Wenyu River in the north, the Xishan green space in the west, the Yongding River in the southeast, and the rural cultivated lands in the south form the second median of Beijing. Buildings and roads make up the impervious surfaces of Beijing, and they collectively contribute 41% of its total area. Figure 5a shows the spatial distribution of the buildings and roads in Beijing. Additionally, Figure 5a shows that the buildings in Beijing are spatially distributed in two forms. The first form includes unit neighborhoods of unit building masses with substantial elevations and spacings. The second form includes high-density building areas of continuous low houses. Unit neighborhoods are the main form of building areas in Beijing. The high-density building areas of low houses are mostly scattered between the 5th and 6th Ring Road circles. In addition, there exist high-density building areas of low houses in the downtown areas of Da Zhalan, Qianmen, and Donghuashi. Figure 5b shows the impervious surface densities of Beijing featuring high densities in the downtown areas and low densities in the outskirts. The Xishan Mountains, Yongding River Basin, Summer Palace, Yuanmingyuan, and Olympic Forest Park scenic area have the lowest building densities. The northeast and southeast parts of Beijing, which comprise continuous villages and vast cultivated lands, also have low building densities. 
Methods
Defining a New Measurement Unit
In this paper, we propose a novel spatial search method to extract the urban built-up area based on the spatial scale effect. The density of the impervious surfaces is used as the indicator to extract urban built-up area. Previous studies generally employed quadrilaterals as the basic measurement unit of calculating the impervious surface density. Geometrically, the spatial units in a quadrilateral grid are not only edge-neighbored (Figure 6a ), but also corner-neighbored (Figure 6b ). The statistical units in Figure 6b have only one common end vertex, and the spatial continuity between the statistical units is low, while those in a hexagonal grid are all edge-neighbored (Figure 6c) . Hence, the graphic geometry implies that hexagons have better spatial scalability than quadrilaterals. In this study, hexagons were used as the basic spatial units for searching the continuous impervious surfaces. 
Algorithm for Classifying Impervious Surface Densities
In this paper, we used the Jenks natural breaks algorithm to classify the value of impervious surfaces densities into two groups: a low-density group and a high-density group. The Jenks natural breaks algorithm identifies class intervals according to the natural grouping inherent to the data [39] . This method yields the best local grouping of like values and sets a classification boundary at points with high value divergences to achieve the maximum variance between classes and minimum variance within classes. The Jenks natural breaks algorithm minimizes the cost function J, defined in Equation (1):
where n is the data size of number of data points, k is the number of clusters and dist(c j+1 , c j ) computes the Euclidean distance between point d i and its closest cluster center c j . The dist(c j+1 , c j ) computes the Euclidean distance between cluster centers c j and c j+1 . Equation (1) shows that the Jenks natural breaks algorithm not only searches for the minimum distance between data points and centers of clusters they belong to, but for the maximum difference between the cluster centers themselves [40] .
Steps for Extracting Continuous Impervious Surfaces of High Density
Previous studies frequently used inside-out strategies to extract the urban built-up area boundaries. In our study, we adopt an outside-in strategy to extract the urban built-up area boundaries. In the first step, we generated a number of different levels of edge-multiplied hexagonal vector grids according to the length of the urban streets. In terms of spatial morphology, the urban built-up area typically comprises neighborhood units segmented by streets. Hence, we use the length of urban streets as a basis to set the scales of hexagonal vector grids. A hexagonal grid at the smallest spatial scale should cover an integrated urban neighborhood. In the second step, we calculated the impervious surface densities using the hexagonal vector grid with the longest edge (Figure 7a ). The impervious surfaces densities were automatically grouped into two classes using the Jenks natural breaks algorithm (Figure 7b ). The edge hexagons with lower impervious surface densities and suspended hexagonal cells with higher impervious surface densities on the edge were deleted. The remaining hexagons with higher impervious surface densities were used as the extracted urban built-up area of the first level (Figure 7c ). In the third step, based on the urban built-up area extracted from the first level (Figure 7d) , we identified the hexagons with higher impervious surface densities from the second-level vector grid using the Jenks natural breaks algorithm (Figure 7e) . In Figure 7e , we deleted the edge hexagons with lower impervious surface densities and the suspended hexagonal cells with higher impervious surface densities on the edge. The remaining hexagons with higher impervious surface densities were used as the urban built-up area extracted on the secondary level (Figure 7f ). In the same manner, we gradually reduced the spatial scale of the hexagonal vector grid and extracted the continuous impervious surfaces of higher density at different scales. Eventually, we obtained the continuous impervious surface of higher densities at the smallest scale ( Figure 7i 
Plausibility Check and Accuracy Assessment
To quantitatively verify the rationale of the result, we first make the plausibility check based on nighttime light data. The values of nighttime light data in urban built-up area are always higher than those in rural areas. We present the statistics information of nighttime light data for inner part and outer part of the extracted Beijing built-up area boundary in boxplots and compare the distribution difference of nighttime light data [41] . Since rural landscapes are blended with urban landscapes at the rural-urban fringe, rural settlements are easily misclassified as urban impervious surfaces. We classified the impervious surfaces into two groups: rural settlements and urban built-up area. Then, we acquired 1000 real sample points from Google Maps, which belong to impervious surfaces ( Figure 8) . We used the sample points to assess the accuracy of the extracted Beijing built-up area based on the confusion matrix [38] . 
Results
Our measurements revealed that shorter streets in Beijing are approximately 300 m long, whereas longer streets are approximately 1500 m long. As the spatial resolution of the remote-sensing images used herein was 0.8 m, hexagonal vector grids with 240, 480, 960, and 1920 m edges were generated as the spatial unit system for extracting the urban built-up area of Beijing, using 240 m as the minimum scale. As the area within the 5th Ring Road is generally regarded as the urban built-up area of Beijing, the urban built-up area within the 5th and 6th Ring Roads was first extracted and then combined with the urban built-up area within the 5th Ring Road.
A hexagonal vector grid with a 1920 m edge was generated for the area between the 5th and 6th Ring Roads of Beijing (Figure 9a ). The impervious surface density within each hexagonal cell was calculated using the zonal statistics module of ArcGIS 10.3. The resultant impervious surface densities were then grouped into two classes using Jenks natural breaks algorithm. The regions with impervious surface densities lower than 0.294 were defined as low-value regions, whereas those with densities exceeding or equal to 0.294 were defined as high-value regions (Figure 9b) . Without affecting the continuity and closeness of the hexagonal vector grid, the low-value and suspended hexagonal cells on the edge were deleted. Consequently, the urban built-up area on the 1920 m scale was obtained (Figure 9c ). In the same manner, the urban built-up area at the 960 m scale was extracted (Figure 9f ) based on the urban built-up area boundary shown in Figure 9d . The threshold value for discriminating the impervious surface densities was 0.353 at the 960 m scale. The above-mentioned steps were repeated to extract the urban built-up areas of Beijing at 480 and 240 m scales (Figure 9i,l) . The thresholds used for classifying impervious surface densities by the Jenks natural breaks algorithm were 0.374 and 0.4, respectively. The urban built-up area extracted at the 240 m scale was combined with the hexagonal vector grid at the same scale to generate the Beijing built-up area within the 6th Ring Road. The hexagonal cells of the urban built-up area within the 6th Ring Road were fused (Figure 10a ). The edges of the hexagonal vector grids were smoothed to obtain the eventual Beijing built-up area boundary (Figure 10b) .
The resultant urban built-up area of Beijing is 1135.63 km 2 , which is 50% of the area of Beijing within the 6th Ring Road. The extracted urban built-up area boundary of Beijing was overlaid to the original remote-sensing images (Figure 11a ) and to the land cover classification map of the area within the 6th Ring Road (Figure 11b) . Overall, the extracted urban built-up area boundary of Beijing covered the relatively continuous impervious surfaces within the 6th Ring Road of Beijing. There are continuous green spaces and scattered rural settlements of low houses in the south and southeast parts and along the Wenyu River in the northeast of Beijing within the 6th Ring Road. These spaces and settlements do not belong to the urban built-up area in terms of landscape composition. The area to the northwest, the Xishan Mountains, and the vast villages to the north of the Xishan Mountains within the 6th Ring Road also do not belong to the urban built-up area of Beijing. The area to the southwest, the Yongding River, and the green median along the river within the 6th Ring Road separate the Fangshan District and Mentougou District from the urban built-up area of Beijing. In terms of urban expansion, Beijing has extended northwestward into the Changping District along the Beijing-Tibet Freeway, Beijing-Xinjiang High-Speed Railway, and Metro Line 15; northward along the Metro Line 5 and Provincial Highway S213; eastward into the Tongzhou District from the 5th Ring Road along the Metro Line Ba-Tong; and southward into the Daxing District along the southern 5th Ring Road, Luqiu Road, Metro Line Daxing, Metro Line Yizhuang, and Beijing-Shanghai Freeway. The extracted urban built-up area covered these areas and highlighted the prevailing orientation of the urban expansion of Beijing. 
Discussion and Conclusions
Comparison with Previous Studies
We compare our research with two previous studies in the same study area. Figure 12a shows the Beijing built-up area boundary extracted via neighborhood dilation, which was conducted by Tan et al. (2015) [28] . The basic principle of neighborhood dilation is illustrated in Figure 12b . First, the raster data center point of the construction land was extracted. Then, circular search units were generated with this center point, after which the pixels of the construction land intersected by the circular search units were fused to form the urban built-up area. The radii of the circular search units were determined according to the number of pixels of the construction land clustered in the search region as a function of the radii. Hence, when using this method, instead of being an independent exogenous variable, the radii of the circular search units are endogenous to the number of pixels of the built-up area clustered in the search region. In our study, different scales of hexagons were used as the search unit. The thresholds for discriminating impervious surface densities were automatically obtained using the Jenks natural breaks algorithm. This guarantees the exogeneity of the search unit scaling and avoids the subjectivity of manually defining single-scale search units and thresholds. In addition, the method of neighborhood dilation failed to extract the continuous boundary of Beijing built-up area. The water bodies and some parks and green spaces within the territory of Beijing were not extracted, though they obviously belong to the urban built-up area of Beijing. In Figure 12a , the red region in the northeast, which lies to the north or on the Wenyu River and has been separated from the main urban area of Beijing by the Wenyu River and the surrounding green spaces, should not be included in the urban built-up area of Beijing. In our study, the impervious surfaces of lower densities were continuously removed in an outside-in manner. This guaranteed the internal spatial continuity of the extracted urban built-up area and enabled us to extract the continuous urban built-up area boundary. In addition, as descending search unit scales were used, the extracted urban built-up area contains the impervious surfaces with relatively higher densities. Figure 13a shows the Beijing built-up area boundary extracted by Xu et al. (2016) [1] . The basic principle of this method is illustrated in Figure 13b ,c. Kernel density interpolation was performed using the given bandwidth with the POI data. The contour line was extracted from the resultant kernel density distribution map. The area encircled by the contour line at each kernel density was calculated, and the mutation point of increase in area as a function of kernel density was used as the criterion for identifying the urban built-up area. In the research method, the POI is intended for use in navigation. Its spatial presentation characterizes the dense distribution along streets and the sparse distribution in urban neighborhoods and suburban regions. Hence, there can be more than one mutation point of area increase as a function of kernel density both within, and on, the boundary of Beijing. Determining an appropriate mutation point to be used as the criterion for identifying urban built-up area boundaries is still a debated topic. The kernel density distribution map generated by POI interpolation is more focused on the intensity level of economic activities and does not address the spatial continuity of urban impervious surfaces. Additionally, the bandwidth used for kernel density interpolation was merely an empirical value that lacks theoretical support. The boundary of the built-up area of Beijing extracted using this method was considerably rough. Further, no comparison was made in the study with the actual urban landscapes of Beijing. In our study, the urban built-up area boundary of Beijing was extracted from high-spatial-resolution remote-sensing images. This helped us in visualizing the extraction process and made the result more direct. 
Plausibility Check and Accuracy Assesement
The extracted Beijing built-up area boundary was overlaid on the nighttime light map of Beijing within the 6th Ring Road (Figure 14) . It was found that the extracted Beijing built-up area concurred with the high-value continuous grids of the nighttime light image. The Beijing built-up area boundary highlighted the prevailing orientation of the urban expansion of Beijing toward the north, south, and east. Unfortunately, nighttime light is divergent, and the spatial resolution of the nighttime light data is low. Hence, no obvious differences in value were observed in the nighttime light data at the urban-rural junctions. To quantitatively verify the rationale of the result, we present the statistics information of nighttime light data for inner part and outer part of the extracted Beijing built-up area boundary in boxplots ( Figure 15 ). In Figure 15a , the lower quartile is 18.36, the median value is 26.88, and the upper quartile is 35.5. In Figure 15b , the lower quartile is 4.9, the median value is 9.46, and the upper quartile is 16.96. It is obvious that the inner part of the extracted Beijing built-up area boundary contains the most grid units of high-value nighttime light data. To some degree, this indicates that the extracted urban built-up area is plausible. The accuracy assessment of the extracted Beijing built-up area based on 1000 real sample points is shown in Table 2 . The overall accuracy is 94.1%, and the kappa coefficient is 87.69%. Some rural settlements were misclassified as urban built-up areas at the rural-urban fringe due to the higher impervious surface densities. In fact, it is impossible to entirely distinguish the rural settlements from urban built-up areas, because the rural landscapes are blended with urban landscapes at the rural-urban fringe. The result of accuracy assessment indicates that we have acquired a relatively objective Beijing built-up area boundary. Figure 16 shows the tendency of the threshold values for discriminating the impervious surface densities with the spatial scales in the process of extracting Beijing built-up area. It is obvious that the threshold values increase with the increase of measurement scales of the hexagonal vector grids. This means that we acquired much higher-density impervious surfaces by decreasing the measurement scales.
The Measurement Scale Effects on the Results
To visualize the measurement scale effects on the extracted Beijing built-up area, we choose three typical subregions on the edge of the extracted built-up area boundary (Figure 17 ). The three subregions belong to the rural-urban fringe, and the rural settlements are presented as small clusters scattered across the rural green space landscapes. Rural landscapes are blended with urban landscapes within the three subregions. At the measurement scale of 1920 m, the impervious surface densities in the three subregions are higher than 0.29 and these areas were classified as built-up areas at this scale. When we measured the impervious surface densities with 960 m hexagonal vector grids, the threshold value for discriminating impervious densities increased to 0.35 by the Jenks natural breaks algorithm. However, the hexagonal vector grids with higher impervious surface densities are discontinuous within the three subregions. The rural settlements with higher impervious surface densities were identified and were separated from the continuous high-density impervious surfaces by rural green space landscapes. When the measurement scales decreased to 480 m and 240 m, the threshold values for discriminating impervious surfaces increased to 0.37 and 0.4, respectively, and the hexagonal vector grids containing rural settlements were identified gradually. At the measurement scale of 240 m, the higher densities' continuous impervious surfaces were extracted as the Beijing built-up area. 
Conclusions
In this paper, a novel method of extracting the urban built-up area boundary in an outside-in manner with different scales of hexagonal vector grids was proposed based on the scale effect. Compared with commonly-used spatial search algorithms, our method uses different scales of hexagons as the search unit. This guarantees the exogeneity of the search unit scaling and avoids the subjectivity of manually defining single-scale search units. Compared with the methods of a threshold indicator, our method automatically obtains the thresholds using the Jenks natural breaks algorithm at different spatial scales. Hence, our method is appropriate for extracting urban built-up area. The proposed method was applied to extract the urban built-up area boundary of Beijing with high-spatial-resolution remote-sensing images as the base data for visualizing the extraction process. The extracted urban built-up area of Beijing contains the continuous impervious surface of high densities. The Beijing built-up area boundary can be directly presented in the concrete geographic space and directly shows the skyline of the built-up area and the prevailing orientation of urban expansion. The extracted Beijing built-up area boundary can serve as a reference in decision-making for space planning and land-use control of Beijing.
